Northeast China (NEC) is an important region for maize (Zea mays L.) production in China, and is the country's most signifi cant commercial food base. However, NEC is also one of the areas that are most signifi cantly aff ected by climate change in this country. Maize is sensitive to climatic changes, and to develop eff ective strategies for guaranteeing regional food security, it is essential to understand the mechanisms of the impacts of climate change and the eff ectiveness of adaptation measures in NEC. In this study, the Crop-Environment Resource Synthesis (CERES)-Maize v4.5 model, coupled with newly released data for Representative Concentration Pathway (RCP) scenarios, RCP4.5 and RCP8.5, was applied to simulate maize yields for future periods (2020s, 2050s, and 2080s) and to estimate the eff ect of CO 2 fertilization and the eff ectiveness of three typical adaptation measures for maize production in NEC. Th e results indicated a trend of a continuing decline in maize yield for both RCP scenarios, and the decrease in maize yield under RCP8.5 was predicted to be greater than that under RCP4.5. Th e eff ect of CO 2 fertilization was forecast to be too small to off set the negative impacts of climate change. Th ree adaptation measures-changing planting dates, switching to later-maturing cultivars, and breeding new cultivars with high thermal time requirements-could mitigate negative climate change impacts to varying degrees; switching cultivars may exert the most signifi cant eff ect on increasing maize yields. 
M aize is one of China's dominant crops. Northeast China, where the famous Golden Maize Belt of China is located, is the main maize-producing region, and is the country's most signifi cant commercial food base. Maize cultivation area in NEC accounts for more than 30% of China's total maize planting area, and maize production here encompasses more than one-third of the nation's total in 2015 (National Bureau of Statistics of China, http://data. stats.gov.cn). Th erefore, changes in maize production in NEC have a direct infl uence on national food security. Furthermore, NEC has undergone signifi cant climate change over the past 50 yr (Liu et al., 2009) because it is located at a relatively high latitude in China (Trenberth et al., 2007) . Previous research has indicated that air temperature in this region has increased at a rate of 0.38°C per decade over the past 50 yr (Liu et al., 2009) , and agriculture is vulnerable to the great variability in climate (Zhao et al., 2015) . Th us it is of great importance to evaluate the future impacts of climate change on maize yield in NEC for regional or even national food security.
In recent decades, many studies have focused on climate change impacts on maize production in China. Jin et al. (1996) based on CERES-Maize model and three general climate models (GCMs), concluded that maize yield in China would decrease in diff erent degrees, depending on climate scenario and study area. Xiong et al. (2007) showed that China's maize production would suff er a negative eff ect under both A2 and B2 scenarios, especially in major maize planting areas and CO 2 fertilization eff ect was positive for rain-fed maize but negative for irrigated maize. Wang et al. (2011) reported that the average maize yield in the western and central regions
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of Jilin province would decrease by 15% or more by 2050 as predicted by most of climate scenarios. Tao and Zhang (2010) applied a super-ensemble-based probabilistic projection system to predict the maize yield and denoted that without adaptation maize yield could decrease averagely by 13.2 to 19.1% during 2041 to 2070, relative to 1961 to 1990. Similar results can be found in Guo et al. (2010) and Ju et al. (2013) . In general, most previous assessments about maize in China (Guo et al., 2010; Wang et al., 2011; Xiong et al., 2007) have been made based on crop models under the Special Report on Emission Scenarios (SRES) (Timothy et al., 2001 ) generated for the Third and the Forth Assessment Reports (AR3 and AR4) of the Intergovernmental Panel on Climate Change (IPCC). However, compared with the latest RCP scenarios (Moss et al., 2010) , which were generated for IPCC Fifth Assessment Report (AR5), Special Report on Emission Scenarios may be unable to reflect the possible stabilization of greenhouse gas concentrations because they do not consider future policy actions that may mitigate climate change (van Vuuren and Carter, 2014) . Furthermore, most previous research has been focused on assessing the impacts of climate change on crop yields and has paid less attention to simulations of adaptation measures, which has been considered as important as the former by the IPCC (Porter et al., 2014) . Adaptation is a key factor in mitigating the negative impacts of climate change on crop production in the future (Porter et al., 2014; Tao and Zhang, 2010) . Various studies found that negative impacts of climate change on crop production could be reduced by adaptation measures such as changing planting date (Babel and Turyatunga, 2014; Lashkari et al., 2012; Soler et al., 2007) , switching cultivars (Wang et al., 2011; Tao and Zhang, 2010) , breeding new cultivars (Xu et al., 2017) , adjusting irrigation management (Babel and Turyatunga, 2014; Moradi et al., 2012) , and soil nutrient management (Bryan et al., 2013) . The results of these studies indicated that the relative effectiveness of adaptation measures for minimizing the climate change impacts can be quite different, suggesting the optimal adaptation measures should be region and crop variety specific (Tao and Zhang, 2010) . Therefore, it is necessary to explore what adaptation measures could be taken for mitigating the climate change impacts on maize production in NEC.
Physiology-based crop growth models are simplified mathematical representations of the reactions that occur within plants and the interactions between plants and environmental conditions (Jame and Cutforth, 1996) . Such models are able to describe dynamically the major processes of plant growth and development, and can predict trajectories of organism status throughout crop life cycles (Hammer et al., 2006) . Crop growth models acting as surrogate laboratories can bring a quantitative physiological perspective to the influence of plant genetics, agronomic management, and environmental conditions on crop production, and thus have been applied worldwide (Jame and Cutforth, 1996; Lobell et al., 2013) . The results of crop model simulations were cited widely as early as the Second Assessment Report (AR2) of IPCC (Reilly et al., 1995) . Later, in the IPCC AR3 (Gitay et al., 2001) , AR4 , and AR5 (Porter et al., 2014) , crop models became key tools for exploring the impacts of climate change and the contribution of adaptation measures to agriculture. The CERES-Maize model (Jones and Kiniry, 1986) , embedded in the Decision Support System for Agrotechnology Transfer (DSSAT) (Jones et al., 2003) , is one of the most successful maize growth models applied to simulate the combined effects of plant genotypes, management practices, weather conditions, and soil types on the growth, development, and production of maize plants.
In this study, the CERES-Maize v4.5 model coupled with RCP scenarios (Moss et al., 2010) , was applied to assess the impacts of future climate change and CO 2 fertilization effects on maize yields, and to identify the contribution of three adaptation measures to maize production in NEC. The specific objectives were (i) to simulate changes in maize yields during three future periods, the 2020s (2011-2040), the 2050s (2041-2070) , and the 2080s (2071-2099), relative to baseline under RCP4.5 and RCP8.5 conditions; (ii) to discuss the potential effects of CO 2 fertilization on maize yields in the 2080s, during which CO 2 concentration would be at its highest; (iii) to quantify to what degree three widely applied adaptation measures-changing planting dates, switching maize cultivars, and breeding new cultivars-would mitigate the adverse impacts of climate change on maize production.
MATERIALS AND METHODS

Study Sites
Northeast China comprises Heilongjiang, Jilin, and Liaoning provinces, and is located at relatively high latitude (about 39-53° N). The crop cultivated region of NEC is flat, with fertile soil. This region is dominated by a continentalmonsoon climate. The ≥10°C accumulative temperature of the main agricultural region ranges from 2200 to 3600°C. Mean air temperature for May to September varies from 15 to 25°C, and annual precipitation decreases from the Southeast (1070 mm) to the Northwest (450 mm). Precipitation and heat resources are generally concentrated in summer and fall, coinciding with maize's growing period (from sowing to maturity, May-September), which benefits maize production (Liu et al., 2012) .
Study sites in NEC were selected from Agricultural Meteorological Experiment Stations (AMESs) where highquality data regarding maize growth, yield, and management measures were available to drive the CERES-Maize model. However, not all AMESs in NEC provide qualified data. To enhance the model's performance, suitable stations were selected based on the following criteria: (i) they must use typical maize cultivars that have been cultivated for at least 3 yr, during which time they should not have been affected by disease, insect pests, or extreme climate events; (ii) they should keep good records of their management practices (e.g., maize planting dates, planting methods, row spacing, and the type and amount of fertilizer) for typical maize cultivars; and (iii) they should be located near weather stations operated by the National Meteorological Networks of the China Meteorological Administration (CMA) so that weather observation records could be obtained. Eventually, 12 AMESs were selected as study sites (Fig. 1) . Specific information about the location and the typical cultivar for each site is shown in Table 1 .
Crop Model
The CERES-Maize model is a mechanistic growth model that operates at a daily step and has been integrated as part of DSSAT v4.5 (Jones et al., 2003) . This model can simulate daily growth, development, and yield of maize crop as a function of daily weather conditions, soil characteristics, crop management, and crop genetic characteristics (Jones and Kiniry, 1986; Jones et al., 2003; Bannayan et al., 2004) , which contribute to assessment of the impacts of environmental conditions and management practices on maize production. In addition, the effect of CO 2 fertilization on crop physiological processes is taken into consideration by this crop model. The CERES-Maize model has evolved over the past few decades into a widely used model and has undergone rigorous testing under various environmental conditions (Deb et al., 2015; Moradi et al., 2012; Quiring and Legates, 2008; Xiong et al., 2007) . Here we used the CERES-Maize v4.5 to predict how maize yield would be affected under future climate scenarios (RCP4.5 and RCP8.5) with and without the CO 2 fertilization effect and to assess the effectiveness of three different adaptation measures. 
Crop Model Input Data
The CERES-Maize model requires high-quality input data to ensure the accuracy of the simulation results. To run this model, a minimum dataset of weather data, management practices, soil data, and cultivar genetic coefficients are necessary. More detailed information about these data is described below.
Weather Data
The minimum weather inputs required to operate the CERES-Maize model include daily maximum and minimum air temperatures (°C), daily precipitation (mm), and daily solar radiation (MJ m -2 d -1 ). Two types of weather data were used in this study: observed weather data and climate scenario data.
Daily observed weather data, including maximum and minimum air temperatures, precipitation, and sunshine hours for the selected years (Table 1) , for calibration and validation of the CERES-Maize model, were obtained from the China Meteorological Data Network (http://data.cma.cn/). Daily solar radiation data required by the crop model were calculated at site level using the Ångström equation (Wang et al., 2008) based on site latitude and daily sunshine hours. The observed weather data for seven study sites (Fuyu, Hailun, Jiamusi, Tailai, Dunhua, Huadian, and Meihekou) were collected from local meteorological stations at the same sites, and data for the other sites were derived from the closest meteorological stations (the deviation in latitude and longitude between the meteorological station and the corresponding site did not exceed 1°).
This study adopted recently produced RCP scenario data generated by HadGEM2-ES climate model (Jones et al., 2011) for baseline and future (2020s, 2050s, and 2080s) maize yield simulations. HadGEM2-ES model is notable for the number of climate-biogeochemical interactions that are interactively calculated rather than specified in advance (Booth et al., 2012) . Of relevance to this study, this model yields improved predictions of biomass and shows better agreement with the observed seasonal cycle of CO 2 (Collins et al., 2011) . The CERES-Maize model was driven by bias-corrected climatic data (Hempel et al., 2013) following RCP4.5 and RCP8.5 scenarios (Moss et al., 2010; van Vuuren et al., 2011) . The climate scenario dataset, which has a spatial resolution of 0.5° by 0.5°, including maximum and minimum air temperatures, precipitation, and radiation, was made available by the Inter-Sectoral Impact Model Intercomparison Project (ISI-MIP). The projected weather data used for maize yield simulations were derived from the data of the closest grid for each site.
Agricultural Experimental and Soil Data
Baseline agricultural experimental data were derived from local AMESs, which are operated by the CMA. They were collected and recorded from maize field experiments by welltrained agricultural technicians based on a standardized observation criterion and a prescribed method (Xu et al., 2017) . These long-term and high-quality data, including detailed information about maize phenological phases (e.g., flowering date and maturity date), yield, yield components (e.g., biomass, kernels per spike and hundred-grain weight), and management practices (e.g., date of planting, row spacing, seeding density, seeding depth, fertilizer information, and date of harvest), were used to calibrate and validate the CERES-Maize model.
Crop model inputs related to soil properties for each site contained general surface information and characteristics of each soil layer (Uryasev et al., 2004a) . General surface information included soil classification, color, slope, drainage class, runoff potential, and a fertility factor. Characteristics of each soil layer included mechanical composition of the soil, organic content, bulk density, pH value in water, cation exchange capacity, and total N. The soil dataset was available from the Chinese Soil Scientific Database (http://www.soil. csdb.cn/) and local soil genus records.
Genetic Coefficients
The cultivar genetic coefficients required by the crop model were used to quantify the interactions between crop genotype and environmental conditions. Furthermore, they characterized the growth and development of crop cultivars and simulated the difference in performance between crop cultivars (Hoogenboom et al., 1994; Jame and Cutforth, 1996) . The CERES-Maize cultivar coefficients included P1, P2, P5, G2, G3, and PHINT, representing the most important growth and developmental processes of maize crop ( Table 2 ). The Generalized Likelihood Uncertainty Estimation (GLUE) Coefficient Estimator module (He et al., 2010) imbedded in the DSSAT model was employed to estimate genotype-specific coefficients for all maize cultivars.
Model Calibration and Validation
To guarantee the reliability of the simulation results, rigorous model calibration and validation were necessary. Model calibration was a process whereby the set of genetic coefficients was continuously adjusted until the simulated crop parameters agreed well with the observed ones (Timsina and Humphreys, 2006) . Model validation was a process of assessing the ability of the calibrated model to simulate characteristics of the selected cultivar by comparison between the simulated and observed parameters (Uryasev et al., 2004b) . If the validation results were unsatisfactory, model calibration would be rerun to obtain a new set of genetic coefficients until the deviation between simulated and observed values was within acceptable limits.
In this study, 1-yr observed data of one representative cultivar from each site were used to calibrate the crop model with GLUE module, and two or more years' independent data were used to validate the CERES-Maize model. Performance of the model was evaluated by comparing simulated values and observations of days to flowering (from sowing to flowering), days to maturity (length of maize life cycle), maize yields, and biomass. Three statistical indicators were used for the evaluation: (i) modeling efficiency (ME), comparing modeling variability with experimental variability; (ii) normalized root mean square error (NRMSE), presenting relative error magnitude; and (iii) predicted deviation (PD), indicating possible over-or underestimation. The parameters were calculated as follows:
where S i and O i are simulated and observed variables, respectively; O is the mean value of the observed data; n is the number of comparisons; and i is each comparison. The ME range is 1 (optimal value), and a negative value indicates that modeling variability is greater than the experimental variability and therefore the simulation is not satisfactory. The simulation was considered excellent if NRMSE was <10%, good if NRMSE was >10% and < 20%, fair if NRMSE was >20% and <30%, and poor if NRMSE was >30% (Rinaldi et al., 2003) . Additionally, a negative PD value indicates underprediction, while a positive one indicates overprediction.
Model Simulation
The validated CERES-Maize model was applied to simulate the impacts of climate change and adaptation measures on maize production in NEC under scenarios RCP4.5 and RCP8.5. In addition, the simulations were conducted under the assumption that climate data, CO 2 concentration, and adaptation measures were the variables to be changed, while management practices and soil conditions for future periods would remain the same as those of the baseline. Table 3 shows the information on crop management practices relative to cultivar, planting date, planting density, row space, and N fertilization that were used for the model simulations.
Climate Change Impact Simulation
The impacts of climate change on maize phenology and yields were simulated by comparing the CERES-Maize model results during three future periods with those for the baseline. These simulations were operated under the baseline CO 2 concentration average level of 363 ppm, which was calculated based on the National Oceanic and Atmospheric Administration's Mauna Loa CO 2 database. To identify the major influencing factors and their rank of importance, the stepwise multiple regression method was applied to eliminate the mutual effect among different climate variables on maize yields.
The projected effect of CO 2 fertilization on maize yield for the 2080s was assessed by comparing simulation results for projected CO 2 concentration levels with those for the baseline. Average projected CO 2 concentrations for the 2080s under RCP4.5 and RCP8.5 were 525 and 804 ppm, respectively, which were derived from the RCP Database v 2.0.5 maintained by International Institute for Applied Systems Analysis.
Adaptation Measure Effectiveness Simulation
To mitigate the impacts of climate change, the following three adaptation measures that have been paid much attention by the IPCC (Porter et al., 2014) were evaluated: changing planting dates, switching maize cultivars, and breeding new cultivars. The first two measures are representative householdlevel autonomous adaptation measures, while the latter is a typical planned adaptation measure sponsored mainly by governments and research communities. All adaptation measure simulations were performed for the 2080s, which was the period predicted to be most affected by climate change. Furthermore, the effectiveness of the adaptation measures was assessed by comparing predicted maize yields before and afterward. Changing Planting Dates. The effectiveness of changing planting dates to mitigate the adverse effects of climate change on maize yield by advancing and delaying planting dates by 15 d at 5-d intervals at selected sites was assessed.
Switching Maize Cultivars. Since climate warming in NEC caused the annual accumulated temperature above 10°C to increase, the growing season (the period in each year when the temperature is right for plants and crop to grow) to be prolonged, and the northern limits of the maize planting area to move northward (Liu et al., 2012) , local cultivars at the higher latitude sites were switched with the ones at lower latitude to research the effectiveness of this measure.
Breeding New Cultivars. For this adaptation, the onefactor-at-a-time (OFAT) method (Morris, 1991) was first used for sensitivity analysis to identify the genetic coefficients of the selected maize cultivars that the maize yields were most sensitive to, by increasing one coefficient value by 10% at a time.
Relative sensitivity (RS) (Liu et al., 2008) was calculated and used to evaluate the effect of changed coefficient on maize yield.
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Here, x is the value of one maize genetic coefficient; Dx is the variation of one genetic coefficient value; and y(x) and y(x + Dx) are maize yields before and after altering the coefficients, respectively. The larger the RS value, the more sensitive the yield is to the corresponding genetic coefficient.
The coefficient that the maize yield was most sensitive to, obtained by the OFAT method, was then used for breeding new cultivars by changing the coefficient values by a relative fixed step size while keeping the other coefficients unchanged. Table 4 shows changes in group means of solar radiation, annual average temperature, and precipitation at 12 sites during future periods (2020s, 2050s, and 2080s) under scenarios RCP4.5 and RCP8.5, compared with the baseline .
RESULTS AND DISCUSSION
Climate Change in Northeast China
Compared with the baseline, solar radiation in NEC is predicted to first decrease in the 2020s and then increase after the 2050s under both RCPs. In general, the magnitude of the change in solar radiation would be -1.2 to 3.4% under RCP4.5 and -0.7 to 1.3% under RCP8.5. As a result, a significant change in solar radiation was not predicted for the future. However, annual mean temperature was projected to increase over time.
During the 2020s, 2050s, and 2080s, mean temperature was projected to increase by 1.4°, 2.9, and 3.6°C, respectively, under RCP4.5. The incremental change in mean temperature under RCP8.5 was higher than that under RCP4.5, especially for the 2080s, due to the high CO 2 concentration predicted for this period. In addition, under RCP4.5, annual total precipitation was projected to increase by 8.7, 11.2, and 13.3% in the 2020s, 2050s, and 2080s, respectively, while precipitation under RCP8.5 was projected to increase by 7.8 to 25.4% in the future, which was more than that under RCP4.5.
Model Calibration and Validation
Calibration results of the CERES-Maize model with experiment data of all cultivars (Table 1) indicated that cultivar genetic coefficients within the model were reasonably adjusted (Table 5 ). Predicted deviation values of simulated days to flowering and days to maturity were both within 5.5% ( ME = 0.95 and NRMSE = 1.9% for days to flowering; ME = 0.76 and NRMSE = 2.5% for days to maturity). Additionally, PD values of simulated grain yield and biomass were generally within 15% (ME = 0.70 and NRMSE = 10.9% for grain yield; ME = 0.66 and NRMSE = 14.2% for biomass). Calibrated genetic coefficients are given in Table 6 . The validation results for the CERES-Maize model showed that this model was successful in simulating maize phenology, for both days to flowering and days to maturity (Fig. 2) . The ME index for days to flowering (0.82) was very close to the optimal value of 1, and NRMSE was 3.2%. Simultaneously, days to maturity was simulated very effectively, with the ME of 0.63 and NRMSE of 2.8%. In addition, all the scattered points for both variables were within the ± 10% PD lines (Fig. 2a and 2b) , which confirmed that the model performed well in simulating maize phenology.
The simulated values for maize yield were generally in accordance with the observed values, with a positive ME value (0.7) and NRMSE <15%, although Fig. 2c indicated slight over-and underestimation. A few scattered points for biomass went out of the -20% PD line (Fig. 2d) , which meant that the CERES-Maize model underestimated the biomass to some extent. Ben Nouna et al. (2000) indicated that water stress would lead to underestimation of leaf area by this model, consequently resulting in an underestimation of biomass. In addition, the records of the corresponding AMESs and the simulation results about the soil water condition showed that slight water stress actually happened during the maize growth period in these sites. In spite of these, generally, biomass was fairly well predicted by CERES-Maize model in this study, with a NRMSE of 21.6% and ME of 0.19 according to Rinaldi et al. (2003) .
In conclusion, the CERES-Maize model was able to simulate maize phenology and grain yield under various agricultural management strategies and soil conditions, which suggests that this model could be applied in NEC. 
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Impacts of Climate Change Impacts on Maize Phenology
The modeling results showed that the maize phenology for each cultivar would present a decreasing trend over time under scenarios RCP4.5 and RCP8.5, if no adaptation measures were considered (Fig. 3 and 4) . Both of the RCP scenarios indicated decline tendencies for the number of days to flowering and maturity for all of the maize cultivars. As mentioned previously, NEC will face a warmer climate in the future, which may speed up crop development and consequently shorten the duration of the maize growth period (Liu et al., 2013) . Therefore, it is the warming trend that induces early flowering and maturity dates in NEC. Based on observed AMES data, Xiao et al. (2015) obtained similar results that climate change advanced the flowering and maturity dates of summer maize by 0.2 to 1.1 d and 0.3 to 0.9 d per decade, respectively, in the last three decades in the North China Plain due to climate warming.
Impacts on Maize Yield
Average maize yields were simulated for the 2020s, 2050s, and 2080s under the future climate change scenarios RCP4.5 and RCP8.5, without considering the direct effect of increased CO 2 concentration on maize yield. Percentage changes in maize yield relative to baseline were computed for the entire NEC and for each site, and the corresponding results are presented in Fig. 5 and 6 .
The simulation results show that, overall, mean maize yield would decrease by 2.1, 12.9, and 22.7% for the 2020s, 2050s, and 2080s, respectively, under RCP4.5. Moreover, there would be a greater reduction under RCP8.5, with a decrease of 6.3, 18.4, and 47.5% in the respective periods without considering the effects of CO 2 fertilization (Fig. 5) . Figure 6 shows that average maize yield at most sites would be confronted with a declining trend in future periods under both RCP scenarios. The highest reduction in maize yield would occur at Yushu, with reductions of 19.3 to 40.0% and 37.8 to 66.9% under RCP4.5 and RCP8.5, respectively. Table 5 . Calibration results of the CERES-Maize model for simulation of days to flowering, days to maturity, grain yield and biomass for all cultivars.
Cultivar Days to flowering
Days to maturity Yield Fig. 2a, 2b , 2c, and 2d, respectively). To understand the relationship between yield reduction and future climatic factors (average temperature, Tavg; average precipitation, Prec average solar radiation, Radi), the climate data and maize yields of three cultivars in 2080s under RCP8.5 were used as examples and a stepwise linear regression method was used to find the major climate impact factors on maize yield during the maize growing period (May-September). The regression equations were as follows.
For 4zao6, an early maturing cultivar at Boli (BL) site in Heilongjiang province: where T avg is average temperature, p is significance level, and r is the correlation coefficient. The equations above imply that solar radiation and precipitation during the maize growing period would have no discernible impacts on maize yield. In contrast, average temperature was likely to be the dominant factor to exert adverse effects on maize yield, which was consistent with the findings of Lin et al. (2005) and Xiong et al. (2007) .
Although climate warming could reduce the impacts of chilling damage on maize production in NEC, its effects would be more negative than positive for maize crops. Increased temperature could contribute to an increase in crop development rate and a decrease in growth period, which would lead to yield reduction (Abraha and Savage, 2006; Moradi et al., 2012; Xu et al., 2017) . As a result, maize yield under RCP8.5 would decrease more than that under RCP4.5 (Fig. 5 and 6 ) due to higher temperatures (Table 4 ) and shorter growth periods (Fig. 3 and 4) . 
Carbon Dioxide Fertilization Effect on Maize Yield
When the CO 2 fertilization effect was taken into account for the 2080s, during which time the maize yield decreased the most, the percentage reduction in yield was forecasted to fall from 22.7 to 19.5% under RCP4.5 and from 47.5 to 44.1% under RCP8.5 (Fig. 7) . Clearly, the CO 2 fertilization effect was too small (3.2% under RCP4.5 and 3.5% under RCP8.5) to offset the adverse effects of climate change; this result was similar to those of Leakey et al. (2006) and Tebaldi and Lobell (2008) .
As a C4 plant, maize crop is characterized by a specific photosynthetic pathway as a CO 2 concentrating pump. It is typically CO 2 saturated in the current atmosphere, which results in almost saturated photosynthesis due to the current high CO 2 concentration (Ghannoum, 2009; Kimball et al., 2002) . However, increased atmospheric CO 2 concentration is well known to decrease stomata conductance for all plants (Kimball et al., 2002; Leakey et al., 2006; Tebaldi and Lobell, 2008 ) and hence reduce transpiration, which could help to improve water use efficiency and to resist drought stress. All these indicate that increased CO 2 could not exert a direct influence on maize photosynthesis. However, if water is a limiting factor for maize production, increased CO 2 concentration would increase yield; when water is not a limiting factor, the CO 2 fertilization effect would not be significant (Babel and Turyatunga, 2014) . This was clearly demonstrated in the results of our study. The precipitation in NEC is abundant and concentrated in the maize growing period, and it is projected to increase under both RCP scenarios (Table 4) . Therefore, there may be less drought stress in the future, and hence the effect of increased CO 2 would generate too small an increase in maize yield to mitigate the negative effect of climate change.
Impacts of Adaptation Measures on Maize Yield Changing Planting Dates
Hailun, Dunhua, Yushu, and Dengta, distributed over three provinces, were selected as representative sites for researching the effectiveness of changing planting dates on maize yields for the 2080s.
As shown in Fig. 8 , maize yield at the four sites would decrease by 0.7 to 6.9% if planting dates were advanced by 5 to 15 d; while maize yield at all selected sites would increase by 0.2 to 15.9% if planting dates were delayed by 5 to 15 d under RCP4.5. Under RCP8.5, advancing and delaying planting dates would increase maize yields in different degrees except for that at Hailun, where only delaying planting dates would benefit maize yield. It has been reported that if the peak air temperature and the maize flowering stage coincide, the maize yield would be greatly reduced, because this stage is sensitive to high temperatures (Moradi et al., 2012) . To gain insight into the mechanism of changing planting dates as an adaptation measure, we analyzed the relationship between daily maximum temperatures and the average flowering dates during 2080s at Hailun and Yushu sites (Fig. 9) . Under RCP4.5, when the planting dates were not changed at Hailun and Yushu, the average maximum temperatures on the flowering dates were 29.9 and 33.2°C, respectively (Fig. 9a and 9c ), which were higher than the optimal temperature (25-28°C) for the flowering phase of maize crop. The average maximum temperatures of the following days were projected to be lower and those before flowering dates would be higher at both sites. Therefore, delaying planting dates under RCP 4.5 may avoid the coincidence of the flowering stage with high temperature and then increase maize yields (Fig. 8a) . While under RCP8.5, the extreme temperatures of the days before the flowering date would exceed 40°C at Hailun and there were not too many changes in the average maximum temperatures of the days before and after the flowering date at Yushu. As a result, under RCP8.5, the maize cultivar could avoid extreme high temperatures during its flowering phases by delaying planting date and then cause increased yield at Hailun (Fig. 8b) and there would not be significant positive effect on maize yield whether the planting date was advanced or delayed at Yushu. Consequently, changing planting dates could cause noncoincidence of flowering phase with high temperature thereby increasing the maize production.
Changing planting dates have been evaluated for many different types of crop around the world (Babel and Turyatunga, 2014; Mall et al., 2004; Swain and Thomas, 2010) . Babel and Turyatunga (2014) stated that planting 16 d earlier than the current planting date in the same season was expected to increase maize yield by 17.9% in the western Uganda agroecological zone. Mall et al. (2004) reported that delaying sowing dates would be favorable for increasing soybean yield at a study site in India. Swain and Thomas (2010) found that advancing the planting time by 10 to 30 d from the current time was expected to mitigate the adverse effects of climate change on rice yield in India. All of the research indicates that optimal changes in crop planting dates to mitigate the adverse effects of climate change will vary by crop species, geographical location, and future climate conditions.
Switching Maize Cultivar
According to the impact simulations, the late-maturing cultivar Dongdan60 at the Dengta site had a longer growing period and a lower decrease in yield relative to the cultivars at higher latitudes. Therefore, this cultivar was selected to replace Haiyu2 at Hailun and Jidan60 at Yushu, which would suffer great yield reductions under future climate conditions, to evaluate the effect of switching cultivars in the 2080s. Figure 10 indicates that if the local maize cultivar Haiyu2 at Hailun is replaced by Dongdan60 in the 2080s, maize yield would increase to 9378 and 8160 kg ha -1 under RCP4.5 and RCP8.5, respectively. In addition, switching cultivar Jidan209 to Dongdan60 at Yushu would increase maize yield by 59.9 and 75.6% compared with the yield from the local cultivar under the respective scenarios.
Compared to the local cultivars, the new cultivar introduced from the lower latitude site could create a large yield increase if all other conditions remain unchanged. The potential mechanism of this may be that increased temperatures would shorten the growing period of the local cultivar, resulting in yield reduction. Conversely, the late-maturing cultivar cultivated at lower latitude has a longer growing period, and the warming climate could increase local thermal resources, allowing the crop to take advantage of the heat resources (Liu et al., 2013) . Therefore, switching the local cultivar to a latermaturing one could both draw on the advantages and avoid the disadvantages of a future warming climate. This would hence generate yield increases and alleviate the negative effects of climate change. Wang et al. (2011) obtained similar conclusion through introducing a new maize cultivar with longer growth period from Northwest China.
Breeding New Cultivars
Crop simulation models have proven to be important tools for supporting plant breeding (Rötter et al., 2015) . In the CERES-Maize model, a set of genetic coefficients defines the growth and development of maize crop. Therefore, new highyield cultivars were cultivated by changing, within a given range, the genetic coefficient to which the yield was most sensitive.
The results of the OFAT method indicated that maize yields were most sensitive to the P5 coefficient for all cultivars (Table 7) . P5 is the thermal time from silking to physiological maturity, which had the greatest impact on maize yields. Therefore, this coefficient was changed by -20 to 100°C h in 10°C h steps based on the current value, keeping other coefficients constant. Then, this new set of genetic coefficients was used to drive the CERES-Maize to simulate maize yield from the new cultivars for the 2080s. Yushu (cultivar Jidan209) and Dengta (cultivar Dongdan60) were selected as representative sites for investigating the effect of this adaptation measure.
The simulation results showed that maize yield would increase with increased P5 coefficient for the two cultivars (Fig. 11) . If the P5 coefficient of cultivar Jidan209 at Yushu was increased by 100°C h, maize yield would increase by 13.9 and 12.0% under RCP4.5 and RCP8.5, respectively; at Dengta, the new maize cultivars would face an increased yield by more than 20% under both RCP scenarios.
The simulation results imply that increasing the thermal resource requirements of maize cultivars during their basic vegetative growing periods could be beneficial to yield increase. A similar result was also found by Xu et al. (2017) through simulating new rice cultivars based on the CERES-Rice model. Tao and Zhang (2010) also concluded that the biggest benefits will result from the development of new crop cultivars that are high-temperature tolerant and have high thermal requirements. Therefore, breeding new cultivars with higher thermal time requirements could be considered an effective adaptation measure to extenuate the negative effects of climate change on maize yields.
By comparing the simulation results of the three adaptation measures, we found that switching the local cultivar to a later-maturing one with a longer growing period was the most effective measure to cope with the adverse impacts of a future warming climate. Additionally, under permitting conditions, a combination of several adaptation measures would generate a more significant increase in crop yield (Jin et al., 1998; Porter et al., 2014) . Therefore, a greater number of effective adaptation measures should be considered in future studies.
CONCLUSIONS
Our work shows that the CERES-Maize model of DSSAT v4.5 was effective in simulating the growth characteristics of maize crop. The simulation results showed that increased temperature would shorten maize growth durations and then result in a reduction in maize yield in future climate scenarios. Without considering the effects of CO 2 fertilization and the adaptation measures, maize yield was projected to decrease on average by 2.1 to 22.7% and 6.3 to 47.5% from 2020s to 2080s under RCP4.5 and RCP8.5, respectively. The effect of CO 2 fertilization was only about 3.2 and 3.5% under respective scenario, which was too small to offset the adverse impacts of increased temperature. The simulation results for adaptation measures indicated that three adaptation measures-changing planting dates, switching to a later-maturing cultivar with longer growth period, and breeding cultivars with high thermal time requirements-could cause increased maize yield to varying degrees; among these measures, switching the local cultivar was most effective for coping with the adverse impacts of a future warming climate. Although there may be some uncertainties from the crop model and the climate model, the results of this study could not only provide insights into the potential impacts of climate change on maize yield but also offer scientific bases regarding effective adaptations for policymakers to mitigate the adverse effects of future climate change.
